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Abstract: An improved affinity propagation clustering algorithm with Euclidean morphological
distance was proposed to extract effective information from load curve and improve the poor
clustering effect of the traditional clustering algorithms. The quantile method was used to extract
and re-express morphological characteristic of the original load curve, the improved longest
common subsequence algorithm was introduced to measure the pattern matching distance between
different user load consumption behavior sequences, and the measurement was taken as the
degree of difference between the curves. Then a dual-scale similarity measurement considering the
overall distribution of the curve and the change pattern of the curve shape was conducted, and the
entropy weight method was used to adaptively match the weight between the two characteristics.
The proposed similarity measurement was applied to the affinity propagation clustering algorithm
to improve the similarity matrix calculation scheme, and the typical daily load curve of users was

clustered. Taking the standard synthetic time series data as an example, clustering results
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indicate that the FEuclidean morphological distance measurement method can effectively

distinguish the dynamic change characteristics of load curves. The proposed method has higher

clustering quality and algorithm robustness, increases the adjusted Rand index from 9.0% to

43.8%, differs from the standard set in DB index by 0. 014 3, and can distinguish users on the

measured data set appropriately.

Keywords: smart grid; dual-scale similarity measurement; curve morphological characteristic;

load clustering; quintile method
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Fig. 1 Morphological feature extraction of load curves

1.3.2 WEABEIETHFEAEE LCSE-MET
HORH DG A BB R R 7 ik T SR SR I i £
K ALFFH] % e it — & 18 B R A B
g 5 R A0 2 I 6, B R PR DL e, AR S
T 2o R A B IR O D FH P R — s 2] A HH 4R
P g — M H R IE AL 6 P B HR 288 T R 41 R i
LICSAZFHAEE 2 I B T I 46 2008 7 2080 =2 1A

http: // zkxb. xjtu. edu. cn

FEAERY SRR 22 5 DRtk m] DL JBCHS A [m] ¢ AiF 7
G Z 8] 1 2> F 75 91, 3 T 41 0 A Ok B A
FHIAT R Z 18] B AR AL
Y SR R R R B M A RUE B AR SO
AT S5 I 8] 43 P AR 0B 25 B R Gk Al AL L T
I A e P AT g R Y 22 S
BT B R B 5
0, x=1y
dote (X 5y) = (3)
1, %y
X T ERREF S X =[x 20,002, JHTY
=[yisyeersy, LA IE B DE R H T
7 d RPN X e X 5F8 Y B8
Y, e RAIL T RO . R 3l 25 HL R0 58k 5K
fifp e A 2 S 7 91 2 25 R0 B v w DL R O3
3 A B FEAT A e 5 IRAS Y 45 SR A1 h
—RERE . X TR PAEEICR 4, w2 : O
M dooae (20 y) =0 W, AL FRINK R R d,,; =
diy,j1 1150 dooac (s y,) =1 W di ;2 d iy H
do B IR s R A B PR PR 4% 67 A il 2 4R 1iE 7
) Z (8] A DL IE OC A& P 19 2 0 e 4550 PP 9 22 )
SHVCECR o O RSE B R hs ¢ fl g B 7
FNT e, B PIKFFIET I ZH &K AT
JPANK RN d,
Stk LCS Hk 307 00
Sres(XL,Y) =
O, m=0o0rn=20
Jl + fres (X1 Y1) dueae (2i5y;,) = 0 and
1 il
max( fres(Xim15Y;) s fres(Xi5Y;21)), others
€D)
Hrfom Mon AR SR X Y MK
JE L ARSCI I m=n; B{ESE e MBUEIE A0,
m], e=0 I, LCS 5318 1k S X W 2% il 4 % 107 1 [
MR AT LA BT R E 24 B O(n) se=m
L LCS 535 A4 T ah AR i LCS 5k, kit
[ 0 O’y o ASCEIRE S R H 48 4
KA R AR AR — 2 T F P RS T H A A 1 £ e
ZAEME 2 h (2 BRSO IS8 e 0 4.
AN [R) I (] 7 37 22 ) 4 9 25 B Ry
D, (X,Y) = len(Xy) — fies(Xq,Yy)  (5)
s Do Ros PI 2 I HLAT 7 9 2Z ) 9 25 B
len(X,) 4 M TE S FRAE T 51 Xo M BE L Bl D,y B
BB L0, len(X ) ] Dya B/NBEH] 2 2500 7 it 26
(23 IR AR 7 81 B L il £ 00 T 25 78 Ak R AR




168 75

Jard
S
&

IRV NIE &

Eird i 56 %

R

AL
2 RHMRXIESIEET AP Bk

SINESERNLEY
Xt 07 2 A A AT AL I 2 I E
2R AR I AR Al A 7 AR AR o 25 67 A i 2 K
X SRR T AR BE AR AN

1 48 SR T W EG B 5 A AL D705 . AL B T
P 2% B 7 1 2 A (] B 220 6 22 1) 9 T R 970 22 5 2 oFF
TR TTIE R Gy 3 BA AL AZ A G i 2 21T
WRUCHC, 1 B 2K 22 . DTW BB A% X )3 41 il 17 4E
JEE B R A5 A BRI 2 B AR A F Y . (ER X
JE 7 0 R T P 2 T DR L X T
B [ 2 HEAT 1 — 8 RUBE AR AR P AL AR A A
FIRG 5326 . 10 LI JE) RS K

Hi 1.3 /N AT AR SO 285 T B R A T 3k B
EAE T - O A He R FG B 25 B0 8 i 2o 3h 25 M4 1
Tk s Al LU B R AT (61 8% 22 1k 19 i 4k o0 3R 2 1] 9 DT
PC . PRAIE T8 i e B AR S SR R 2 ) LE T 2 4%
il £ 22 1B A7 7 — R (19 I i 22 s 35 A 2% fi 4 0 e
{HE H RN =B I s QM L DTW. P &S
AR G A i £ ) 670 A7 28 50 £ s e ol £k R 22 Al
R AE 78 HEAT AEAE DT 7% B £ S DS e B B g
A 3 728 W T 2 g RUBE A Ak X £ 67 (LA BURK
BT 2 A &I S A RME R B AL e . [H
I AE T AN b AR SO T 55 DTW Jrik e A
8 H 2 MO E B BLT . I E) A 2% R B O
OGn®) HJETE 25 R 88 f il 2 B0 0 e 45 o 7 1
B0l Al S T B SE AR £ i 2R A 25 R AR DL T
UG B — YA SRR A 3 B A 1 8, FLAAHR AT i (]
/NF DTW . 18 2 I S A T (B A 7 # 728 fb 1Y
e 2k
M 2 AT 23 Al 4238 8 T i

1.0

2.1

Y A7 A

HIE

]
0 6 12 18 24 30 36 42 48

Fof 1) R
Kl 2t ih 28 SRR AE A L

Fig. 2 Morphological feature comparison of load curves
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Fig. 5 Clustering results of different similarity measures
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Fig. 6 Clustering results of different clustering methods
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Table 3 Clustering indexes comparison of different methods
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Fig. 10 Clustering center of measured data in power systems
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